The aim of this research consists in the investigation of a random sample of companies which belong to five European emerging countries, respectively Hungary, Poland, Russia, Slovakia, and Ukraine, from the valuation perspective, by using multidimensional data analysis techniques. Thus, by employing the principal component analysis, after transforming the initial characteristics there resulted two principal components, also considering the restriction of minimizing the loss of information. Subsequently, by the instrumentality of factor analysis, there resulted two factors required to explain the correlations existing between variables. The usefulness of both multidimensional data analysis techniques emerges from the reduction of the significant number of variables in a lesser number of principal components, respectively factors.
Introduction
Often, in order to establish the value of a given company we could own an exhaustive set of indicators from financial statements or which could be computed based on financial reports. However, the significant dimensionality of the employed measures with the purpose previously mentioned, frequently conduct to the impairment of the valuation process. On the other hand, the availability of more indicators in order to reflect firm value could support contradictory results. Besides, the task of the valuator could be more facile if the indicators used would be reduced to some components as linear combinations of the original variables. Thus, applying the principal component analysis could represent a proper technique in order to facilitate the evaluation process. Likewise, by employing the factor analysis we will identify the essential factors through which we could explain the interdependencies existing between the indicator variables represented by the valuation ratios. This paper aims at exploring a random sample of companies which belong to five European emerging countries, respectively Hungary, Poland, Russia, Slovakia, and Ukraine, in order to determine their value, by using the aforementioned multidimensional data analysis techniques. The novelty of current research consists in using SAS 9.2 by the valuators in order to establish the value of the companies. SAS (Statistical Analysis System)is a software suite which began at North Carolina State University as a project to analyze agricultural research. Since demand for such software grew, SAS was founded in 1976 to help all sorts of customers, from pharmaceutical companies and banks to academic and governmental entities. The utility of current paper consists inthe reduction of the significant number of variables in a lesser number of principal components, respectively factors.
The rest of this paper proceeds as follows. In Section 2 we emphasize the numerous important applications of multidimensional data analysis techniques, while Section 3 describes the data and the research methodology, as well as the fundamentals of principal component analysis and factor analysis. The results of the empirical research are presented in Section 4, while Section 5 concludes the paper.
I1: DE = the debt to equity ratio, calculated through dividing total liabilities by stockholders' equity. Also known as global financial autonomy, this indicator assesses the size of external funds compared with the funds from shareholders; I2: DTA = the debt to total assets ratio. Also known as the general indebtednessratio, this indicator reflects the means in which the company's assets are financed by debt; I3: LEV = the financial debt to equity ratio signifies financial leverage ratio, through which is reflected the financial managers' ability to collect outside resources in order to stimulate the equity' efficiency; I4: EPS = earnings per share or the internal return of a certain share in terms of the income which is generated by that share in a financial year, is computed through dividing net income by total number of capital stock shares. This ratio allows the investors to compare the results recorded by the company in order to decide if the owned capital stock shares will be kept, cleared, or raised; I5: PER = price/earnings ratio, computed by dividing the company's current share price by its per-share earnings, is showing the market return of a certain share in terms of the amount which the investors are willing to pay per dollar of company's earnings. Also, this ratio shows the period required to a shareholder in order to recover the invested capital; I6: ROS = return on sales is the ratio of net income before interest and tax divided by net sales, usually reported in percentage. On the one hand, ROS highlights the part of each dollar of sales that the company is able to turn into income. On the other hand, ROS shows the contribution of company's income in order to strengthen the self-financing ability;
I7: CR = current ratio is the ratio of current assets recorded in the balance sheet of a particular company for a given period of time divided by its current liabilities (short-term liabilities). This indicator reflects the possibility of current patrimonial elements to transform into liquidity in a short time in order to pay the current liabilities; I8: QR = quick ratio, also known the Acid-test ratio is calculated as the difference between current assets and inventory, divided by current liabilities. This indicator reflects the possibility of current assets represented by accounts receivable and short-term investments to cover the current liabilities; I9: ROA = return on assets is computed by dividing the company's income after interest and tax by its total assets. This indicator shows the efficiency recorded in company's assets utilization; I10: ROE = return on equity is equal to net income divided by shareholders' equity. The contribution of shareholders in order to finance the company is measured through shareholders' equity, thus return on equity reflecting the efficiency of the company at generating profits from every unit of shareholders' equity.
Principal Component Analysis Description
By employing the multidimensional data analysis technique entitled principal component analysis, there will result the decomposition of total variability from the initial causal space through a reduced number of components. However, this decomposition will not contain informational redundancy. Thus, it is followed a collapse of the variables to a reduced number of composite variables. By the instrumentality of PCA our purpose is to synthesize the distinctions amongst the 310 selected companies, existing at the ten researched factors, through a reduced number of components which are uncorrelated.
The principal components are abstract vector variables defined as linear combinations of the original variables, characterized by the following two fundamental properties: the principal components are uncorrelated two by two, and the sum of squares of the coefficients which define the linear combination corresponding to a principal component is equal to one. Peres-Neto, Jackson and Somers (2005) noticed that detecting certain relationships by generating linear combinations of variables showing common trends of variation exhibit a significant scientific contribution as regards the recognition of patterns in the data. Thus, the first principal component is a linear normalized combination whose variance is maximum. The second principal component is an uncorrelated linear combination with the first principal component, whose variance is as high as possible, but lesser than the variance of the first principal component. The initial causal space subject to our research is figured by ten explanatory variables x , x , …, x , x , thus signifying the fact that each of the 310 companies is evaluated by ten financial indicators, as defined previously.
The principal components corresponding to the researched causal space are described through a vector with ten dimensions, labeled with w: 
Each coordinate w of this vector represents a principal component defined compared with the original variables through the following linear combination:
The coefficients α are the coordinates of the eigenvectors corresponding to the covariance matrix of the original variables x , x , …, x , x , while the principal components' variances are the eigenvalues of this matrix.
Thereby, it is followed to solve the following extreme problem. Depending on the type of the function ϕ, the optimum criterion could be maximum or minimum.
Opt ϕ x, w w = A * x (3)
We will consider the fact that the vectors α are the columns of matrix A of dimensions 10×10, having the following form:
Besides, we will suppose the fact that x is the vector whose coordinates are the original variables x , x , …, x , x , whereas w is the vector whose coordinates are the principal components w , w , …, w , w . Thus, the linear combinations which define the principal components could be represented as below:
Under matrix form, the linear combinations related to the principal components could be represented as follows:
The mathematical model of principal component analysis is defined as follows:
max Var w w = A * x (7)
Factor Analysis Description
The multidimensional data analysis technique entitled factor analysis is employed in order to explain the correlations between several variables named indicators, by the instrumentality of a lower number of sorted and uncorellated factors, named common factors. However, the common factor represents a fundamental concept within factor analysis which could be considered as a random variable with a certain probability distribution. Likewise, with the aim of numerical valuations' achievement we distinguish the variable entitled indicator, whose observations are known as scores. Additionally, the indicators have associated unique factors. The unique factor is exerting the influence in a one-sided manner on a single indicator (measured) variable. Besides, the unique factor could not be subject to a direct observation and measurement process. Outside the influence exerted by the common factor and by the unique factor, we distinguish in addition the influence of the measurement errors, considered negligible. Vol. 8, No. 3; The factor model has the following mathematical form, considering the fact that the measured variables are marked with x , the common factors are marked with f , the unique factors are marked with u , while a represents the intensity of the common factor f compared with the measured variable x : x = a . * f + a . * f + ⋯ + a . * f + a . * f + a * u x = a . * f + a . * f + ⋯ + a . * f + a . * f + a * u … … … … … … … … … … … … … … … … … … … … … … … … x = a . * f + a . * f + ⋯ + a . * f + a . * f + a * u x = a . * f + a . * f + ⋯ + a . * f + a . * f + a * u (8) Under matrix form, the factor model has the following representation:
However, unlike principal component analysis in the context of which the variability that characterizes the initial causal space is undifferentiated considered, in factor analysis, the variability of the initial causal space is considered as a composition of variances which are constituted under the influence of the factors previously mentioned. The variance σ related to the variable x j could be shared in three important components: the communality h (that part of the total variance σ that explains the information which is common to all the variables which define the causal space and which are forming under the influence of common factors), the uniqueness a (that part of the total variance σ that expresses significant information of specific type which characterizes the particular variable x j and which is constituted under the influence of the unique factor), and the residuality e (that part of the total variance σ which is formed under the influence of the residual factor that is associated with the considered variable and which shows insignificant information with specific feature related to the variable x ).
Empirical Research Results

The Results of the Principal Component Analysis
The script related to the principal component analysis employed in SAS 9.2 is showed in Apendix . The covariance matrix of the original variables is presented in Table 1 . However, the covariance matrix is very important within current empirical research due to the principal components' properties. The total variance recorded is 26.4257. The principal components are sorted in Table 2 in a descending order of the retained information as percentage from the total variance. The column entitled Proportion highlights the percentage out of the initial information of each variable from the ten selected variables, which is synthesized in the extracted principal components. The both of graphs showed in Figure 1 , proposed by Cattell (1966) , are used in order to establish the number of principal components. Thus, in the first graph is remarked that after the second point which symbolizes the second principal component, the slope decreases. However, we could retain two principal components. The number of principal components which are retained in the analysis is determined based on a cut in the graph parallel with the ordinate. Thereby, the number of principal components is the first number from the left of the cut so the part of the graph from the right of the cut have a slope equal to zero. In the graph from the left side each point represents an eigenvalue, while in the graph from the right side each point represents the proportion (cumulative) out of the variance explained by each component. However, in order to express the ten variables there could be satisfactory only a single principal component, but this could not adequately cover the variability from the space of the ten variables because the proportion is only 57.72 percent. Thus, based on the slope criterion, there will be retained two principal components. Likewise, by considering the covering criterion, the first two principal components ensure a cover of 80.01 percent out of the variability from the space of the ten variables. On the other hand, according to the Kaiser criterion there should be retained only the eigenvalues greater than one. However, within current empirical research we could not employ the Kaiser criterion because www.ccsenet.org/mas Modern Applied Science Vol. 8, No. 3; data standardization was not employed. We notice the fact that the data was not standardized because there were not recorded high standard deviation of the variables. The standard deviation of the ten variables employed in this analysis in order to evaluate the companies is presented in Table 3 . The eigenvectors of the covariance matrix are presented in Table 4 . The importance of the eingenvectors is emphasized by the fact that they provide the coefficients of the original variables out of the linear equations related to the principal components. We underline that the technique of PCA represents a multidimensional method of analysis which has the aim of determining new variables entitled principal components expressed as linear combinations of the original variables. Thereby, these new resulted variables are characterized by a maximum variability. The financial ratios corresponding to the first ten companies from the sample are showed in Table 5 . Therefore, the objects' coordinates in the new space which is constituted, respectively the principal components' scores for the first ten companies are presented in Table 6 being entitled 'Prin1' and 'Prin2'. We take into consideration the property that the sum of squares of the coefficients which define the linear combination corresponding to a principal component is equal to one. Thus, the examination of this property by the linear combinations' coefficients which define the principal components, determine the fact that these coefficients under vectorial form compose an orthonormal system. Figure 2 shows the 310 companies' scores in the first two principal axes plan. We notice a fairly compact group of companies which are inclined to be similarly valued, but also several companies which are detached from the rest of the companies. From a geometrical point of view, the variables named principal components are defining a new objects' space in the context of which the axes corresponding to the new created space are orthogonal two by two and ascertain the new variables. Moreover, the principal components own a feature which determines their adequacy from the informational point of view in order to substitute the original variables. Thus, this feature refers to the fact that through the principal components is ensured the variability' preservation from the initial causal space. Besides, the diagonal elements of the covariance matrix (Table 1) corresponding to the observations performed to the ten variables are the variances related to the ten original variables, as follows: σ 1 2 = 14.7157, σ 2 2 = 0.0628, σ 3 2 = 3.6779, σ 4 2 = 0.0041, σ 5 2 = 0.7399, σ 6 2 = 0.9886, σ 7 2 = 3.4419, σ 8 2 = 2.5909, σ 9 2 = 0.0102, σ 10 2 = 0.1938
The eigenvalues of the covariance matrix (Table 2) tr(Σ ) = σ 1 2 +σ 2 2 +σ 3 2 +σ 4 2 + σ 5 2 + σ 6 2 +σ 7 2 + σ 8 2 +σ 9 2 +σ 10 2 = 26.4257 = λ 1 +λ 2 +λ 3 + λ 4 + λ 5 + λ 6 + λ 7 + λ 8 + λ 9 +λ 10 = tr( ) Another noteworthy property of the principal components consists in the fact that these are ensuring the whole conservation of the generalized variance corresponding to the original variables. Thus, the determinant of the covariance matrix is equal with the multiplication of the ten eigenvalues, respectively it is equal with the covariance matrix' determinant corresponding to the ten principal components: 
The Results of the Factor Analysis
The script related to the factor analysis employed in SAS 9.2 is showed in Apendix . The Pearson correlation coefficient matrix related to the original variables is showed in Table 7 . The correlation coefficient matrix have a particular importance in order to employ factor analysis because based on the correlations between variables will result a lower number of variables entitled factors. Besides, the factors will explain the variance related to observations. Table 9 shows the factor pattern matrix before rotation, thus being retained two factors. Vol. 8, No. 3; However, the orthogonal rotation of factors using the Varimax rotation method determined the factor structure showed in Table 10 . Besides, the Varimax rotation represents an orthogonal rotation method through which is minimized the number of variables with high loadings on each factor. Therefore, this fact simplifies the interpretation of factors. The first factor is compounded mainly of the variables CR and QR, while the second factor is compounded mainly of the variables ROA and ROE. The first factor explains 23.5 percent out of the variance, while the second factor explains 20.93 percent out of the variance. Likewise, for the second indicator variable (the debt to total assets ratio), the communality is obtained as follows:
The information regarding the specificity was determined by the difference between the variance of each variable and the communality related to both factors.
Thus, for the first measured variable, the specificity is determined as follows:
Likewise, for the second measured variable, the specificity is determined as follows:
s = σ h = 1 -0.5270 = 0.4730
Concluding Remarks
By employing the principal component analysis in order to evaluate a random sample consisting of 310 companies which belong to five European emerging countries, there resulted the possibility of their evaluation based on two principal components, also considering a minimum loss of information. Thus, by the instrumentality of the first two principal components there is recorded a covering of 80.01 percent of the variability out of the space of the ten selected variables. In fact, the informational loss registered is 20 percent. The utility of the principal component analysis with the aim of companies' valuation is remarkable because there is provided a decomposition of the total variability from the initial causal space expressed through a lower www.ccsenet.org/mas Modern Applied Science Vol. 8, No. 3; number of components. Besides, the decomposition previously mentioned is not redundant. As well, by employing factor analysis there resulted two factors which explain 23.5 percent, respectively 20.93 percent out of the total variance.
However, both principal component analysis and factor analysis have the aim of reduction of the significant number of considered variables. This reduction is made in order to evaluate the selected companies through a lower number of principal components, respectively factors. In case of the principal component analysis the components are identified in order to take as much from the variance existing in the data, whereas in case of the factor analysis the lower number of factors is identified in order to explain why the measured variables are correlated between them.
ods graphics on; PROC FACTOR data = companies method = principal scree mineigen = 0 score priors = smc; outstat = facto_results; var DE DTA LEV EPS PER ROS CR QR ROA ROE; RUN; PROC FACTOR data = facto_results method = principal n = 2 rotate = varimax score outstat = facto_results_2f; RUN; PROC SCORE data = companies score = facto_results_2f out = ratings; RUN; PROC PLOT; plot factor2*factor1; RUN; ods graphics off; ods html close;
Copyrights
Copyright for this article is retained by the author(s), with first publication rights granted to the journal.
This is an open-access article distributed under the terms and conditions of the Creative Commons Attribution license (http://creativecommons.org/licenses/by/3.0/).
